Experimental validation of computationally predicted transcription factor binding 11 motifs is desirable. Increased RNA levels in the vicinity of predicted protein-chromosomal 12 binding motifs intuitively suggest regulatory activity. With this intuition in mind, the approach 13 presented here juxtaposes publicly available experimentally derived GRID-seq data with 14 binding motif predictions computationally determined by deep learning models. The aim is to 15 demonstrate the feasibility of using RNA-sequencing data to improve binding motif prediction 16 accuracy. Publicly available GRID-seq scores and computed DeepBind scores could be 17 aggregated by chromosomal region and anomalies within the aggregated data could be 18 detected using mahalanobis distance analysis. A mantel's test of matrices containing pairwise 19 hamming distances showed significant differences between 1) randomly ranked sequences, 20 2) sequences ranked by non-GRID-seq assisted scores, and 3) sequences ranked by GRID-seq 21 assisted scores. Plots of mahalanobis ranked binding motifs revealed an inversely 22 proportional relationship between GRID-seq scores and DeepBind scores. Data points with 23 high DeepBind scores but low GRID-seq scores had no DNAse hypersensitivity clusters 24 annotated to their respective sequences. However, DNase hypersensitivity was observed for 2 25 high scoring DeepBind motifs with moderate GRID-seq scores. Binding motifs of interest were 26 recognized by their deviance from the inversely proportional tendency, and the underlying 27 context sequences of these predicted motifs were on occasion associated with DNAse 28 hypersensitivity unlike the most highly ranked motif scores when DeepBind was used in 29 isolation. This article presents a novel combinatory approach to predict functional protein-30 chromosomal binding motifs. The two underlying methods are based on recent developments 31 in the fields of RNA sequencing and deep learning, respectively. They are shown to be suited 32 for synergistic use, which broadens the scope of their respective applications. 33 34 Introduction 35 36
3 49 (RBP) experiments. This is a defining characteristic of DeepBind that diversifies the 50 provenance of the data that its models are derived from.
52
Although DeepBind and GRID-seq are new experimental techniques, the principals on 53 which they are based have already been validated by a significant amount of research. As an 54 example, the DeepBind method employs a specific type of deep learning neural network 55 called a convolution neural networks (CNNs). CNNs have been used to predict RNA secondary 56 structure(4) and impute DNA methylation(5) to name but a few. GRID-seq for its part has the 57 major advantage over previous methods in that it can be used to detect nascent RNA-58 chromatin interaction on a genome wide scale. Analyzing nascent RNA is preferable over 59 analyzing total cellular RNA since it is believe to be a less biased approach that provides the 60 researchers with better resolution over cellular variables such as RNA stability and 61 transcription rate(6).
63
The aim of combining DeepBind and GRID-seq is to derive results that may assist 64 researchers in study target selection. The desired outcome is achieved by simultaneously 65 considering the influence that scores from of each of the respective methods (GRID-seq and 66 DeepBind) has as a single distance function based on the distribution of their scores, and then 67 ranking sequences that contain predicted binding motifs according to this new combined 68 score. The intention is to predict protein-chromatin binding motifs with an indication as to 69 whether the predicted motifs might be bound by proteins in an environment with heightened A statistical test to determine whether the order of DNA sequences (and therefore the 97 order of predicted motifs) were significantly affected by choice of scoring method, revealed 98 that Mahalanobis ranked sequences were significantly different to DeepBind ranked 99 sequences (p=0.45). Mahalanobis ranked sequences were also significantly different to 100 randomly ranked sequences (p=0.75) and DeepBind ranked sequences were significantly 101 different to randomly ranked sequences (p=0.80). These results statistically confirm that the 102 ranking of DNA sequences (that contain predicted binding motifs) are significantly changed 103 by the choice of scoring method. The results are as expected; however, it validates the motif 104 prediction power of DeepBind for this specific case in that the sequences that are 105 hypothesized to contain binding motifs are statistically proven to be compositionally different 106 to random sequences. In addition, the lower p-value with which DeepBind-ranked and 107 Mahalanobis-ranked sequences were deemed to be statistically different from each other 108 suggests that the underlying sequence composition that leads to the prediction of a binding 119 nine graphs, it seems in six out of the nine cases that the higher the average DeepBind scores 120 are, the higher the average GRID-seq scores are. However, when looking at the individual data 121 points, it becomes apparent that there is a tendency that the higher an individual GRID-seq 122 score is, the lower its accompanying DeepBind score is. In other words, an inversely 123 proportional relationship between GRID-seq scores and DeepBind scores seems to become 124 more pronounced as their respective values increase. 152 to its export from the nucleus(9). It has also been shown that a well-known TF, p53, has two 153 distinct nucleotide binding domains: one with high specificity for motifs in the promoter 154 region of genes targeted by p53, and another domain that exhibits non-specific binding to, 155 amongst others, single stranded nucleotide sequences. TFIIIa is an example of a typical zinc-156 fingered TF that binds both DNA and RNA(10). Given then that RNA has been demonstrated 157 to have the ability to interfere with the localization signal of a protein and to have the ability 158 to bind to transcriptional initiation factors in a non-specific manner, it is reasonable to assume 159 that there exists a large set of RNAs in the nucleus that can directly affect gene expression 160 that is in turn under the control of a TF. More specifically, the binding of a transcription factor 161 to a promoter region could therefore be under the regulation of an unknown number of RNAs.
162 And since the binding may be non-specific, it follows that if the concentration of RNA in the 163 vicinity of a promoter is high, there must be a higher probability that the binding of the TF 164 could be regulated. If not by the possibility that the given TF has non-specific RNA binding 165 affinity, or that increased RNA levels indicate 3d proximity of some sequentially distant 8 166 enhancer/repressor, then at least by the increased likelihood of physical obstruction arising 167 from the quantity of RNA molecules in the vicinity of the promoter. This rationale forms the 168 basis of the method that is presented in this paper. In this sense, the method purposed here 169 does not draw specific conclusions about the nature of the association between RNA and 170 predicted protein binding motifs but acts as a mechanism by which candidate binding motifs 171 can be selected for further study.
173
When switching around cause and effect, the proximity of RNA to a predicted binding 174 motif could instead be taken as an indication that transcription is taking place due to 175 regulatory activation of a downstream gene. In that case, the flow of information as described 176 by the central dogma(11) suggests that it is the presence rather than the mechanism of action 177 of RNA that gives a clue as to whether a binding motif is functional. The inverse proportional 178 relationship of GRID-seq scores and DeepBind scores that becomes apparent when viewing 179 Fig 2 seems to indicate that the more likely it is that a given sequence contains a binding motif, 180 the less RNA are bound to the chromatin in its vicinity. This does not support or reject the 181 central dogma notion of confirming binding motif validity by the presence of RNA, because 182 although most of the motifs predicted with high significance exhibit the inversely proportional 183 relationship, a few high significance motifs do not. It does however allow for a novel 184 categorization of the "top few" significant motifs -i.e. those that are associated with 185 heightened levels of RNA and those that are not.
187
The contribution that GRID-seq data can make when assessing the functionality of a 188 predicted binding motif becomes apparent in Table 1. This table lists the top 5 predicted 189 motifs ranked by their DeepBind scores (blue cluster on Fig 1) , the top 5 ranked by their GRID-9 190 seq scores (yellow cluster on Fig 1) , and five other predicted motifs (green cluster on Fig 1) 191 that are discernable on Fig 1 as 
